If any readers of Psychiatric Annals read any psychiatric articles in any journal so that they can keep up to date and use the bestavailable evidence in their clinical practice, then the statistical papers in this issue are essential not only to read, but also to re-read, study, and master. What do these excellent statistical papers have to do with clinical psychiatric practice? They contain the tools that will allow you to critically appraise and interpret the psychiatric literature. They demystify the statistics used to generate the evidence and help you to become statistically literate. They give you the tools to turn data into information and knowledge.
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C M E
Armando Teixeira-Pinto, PhD; Juned Siddique, DrPH; Robert Gibbons, PhD; and Sharon-Lise Normand, PhD M ultiple outcomes are increasingly collected both in randomized clinical trials and observational studies in order to characterize treatment or intervention effectiveness, or to investigate the association of the outcomes with other variables of interest. The decision to include more than one outcome arises for several reasons, including a lack of consensus on the most important clinical outcomes or a desire to demonstrate effectiveness on more than one outcome. The inclusion of multiple outcomes is particularly common in psychiatric studies where disease complexity is often not adequately characterized by a single outcome measure. Depression, for example, is assessed by multiple instruments.
The collection of several outcomes in a study allows different analytical strategies for analysis. The outcomes can be combined into a single composite endpoint using a variety of pooling rules or scoring algorithms. Several types of composite endpoints exist, such as taking a simple average of the outcomes or using conjunctive or compensatory rules. 1 Another frequently adopted option is to consider each outcome separately by analyzing each independently of the others. 2 However, the situation of multiple outcomes fi ts perfectly in the framework of several statistical methods designated as multivariate methods, and in particular, multiple informant analyses. 3, 4 Pooling strategies have the disadvantage of reducing the information collected and potentially attenuating important features of the data. Also, any missing observation in one outcome may reduce the sample size if a complete-case analysis is adopted, although we could complement this approach with some sort of imputation technique, 5, 6 or may produce biased estimates when using available-case analysis even if the missingness is completely at random. 7 Another major drawback of pooling is that it fails when the outcomes are of different natures or are measured on different scales (ie, non-commensurate outcomes).
For example, combining a binary outcome (such as the presence of a symptom) and a continuous outcome (such as a well-being score) requires additional decisions. Often, information is wasted by dichotomizing the continuous outcome so it is "poolable" with the binary outcome.
Analyzing the outcomes separately does not require that the outcomes are commensurate (measured on the same scale) because each outcome is treated as if the other outcomes were not observed. Although the simplicity of such an approach is appealing, the correlation between the outcomes is effectively ignored. This could result in a loss of effi ciency in the analysis leading to less power to detect treatment effects (and larger confi dence intervals for the estimates). If some outcomes are missing for individuals, separate analyses may produce biased estimates of the covariate effects on the outcomes. Finally, if primary interest is in testing for an overall treatment effect, separate analyses do not provide such an estimate without further work, and individual tests for each outcome raise the issue of adjusting the P values for multiple comparisons. 8 In this article, we present a multivariate method that 1) analyzes all the outcomes at the same time by taking into account their correlations and 2) allows mixtures of different types of outcomes (for example binary and continuous outcomes). Other approaches have been proposed to analyze non-commensurate outcomes in a multivariate framework but with some limitations regarding the settings where they can be applied. 9, 10 In the section on Treating Depression in low-income women, we introduce a real data example that will be used throughout the article. In the section on statistical methods, we contrast the fi nding using individual analysis of the outcomes with those using multivariate methods and interpretation of the results.
TREATING DEPRESSION IN LOW-INCOME WOMEN
The WeCare Study investigated outcomes during a 12-month period in which 267 low-income, mostly minority, women in suburban Washington, D.C., were treated for major depressive disorder.
11 Participants were screened for depression at Women, Infant, and Children (WIC) clinics and various pediatric clinics. Subjects were randomly assigned to one of three groups: Medication, Cognitive Behavioral Therapy, and care-as-usual, the latter of which consisted of a referral to a community provider. The objective of the primary study was determination of the benefi t of medication and cognitive behavioral therapy relative to community referral. Participants were interviewed by phone at baseline, every month for 6 months, and then every other month for the duration of the study. Major clinical outcomes were depression score measured using the Hamilton Depression Rating Scale (HDRS), instrumental role functioning as measured by the Social Adjustment Scale, social functioning (SF) as measured by the Short Form 36-Item Health Survey, and depression remission defi ned as an HDRS score of 7 or less. Smaller values of the instruSeveral types of composite endpoints exist, such as taking a simple average of the outcomes or using conjunctive or compensatory rules. Table 1 , 731). Outcomes for the fi rst 6 months of the study were reported in Miranda J et al. 11 In this article, we use depression remission, instrumental role functioning, and social functioning to demonstrate statistical approaches for assessing the treatment effect on these three outcomes. For illustration purposes, several social functioning scores at 6 months were deleted to demonstrate problems with conventional methods when data are missing. The primary research question addressed in this paper is whether the Medication and Cognitive Behavioral treatment groups had better depression and functioning outcomes at 6-months as compared to the care-as-usual group (Community Referral).
STATISTICAL METHODS
Separate Analyses of Each Outcome
A common approach used when analyzing multiple outcomes is to analyze each outcome separately by regressing each outcome on treatment indicators and additional covariates. In the WeCare Study, outcomes are adjusted for baseline depression in order to correct for chance initial differences among treatment groups. The regression models depend on the type of the outcome that is being modeled. For example, for continuous outcomes, a linear regression model is typically assumed, while for binary outcomes, logistic, or probit regression models are used.
For depression remission, we use a probit regression model to estimate the treatment effect adjusted for baseline depression. A probit regression model gives very similar results to the logistic regression. The regression coeffi cients of the probit model are approximately 1.6 times the coeffi cients obtained from a logistic regression model. This does not mean that the estimated effects in the probit model are larger than the ones given by the logistic model. In fact, they are very similar but measured in a different scale. We use a probit model because it allows a direct comparison of treatment effects from a multivariate approach next discussed. For the two functioning scores, we estimate linear regressions models for each outcome with treatment indicators and the respective baseline measurements as covariates.
Multivariate Approach Using a Latent Variable
Rather than modeling each outcome separately, consider a multivariate approach that models the three outcomes in a similar way as the separate models but that additionally takes into account the correlation between the outcomes. Why would an investigator want to adopt this analytical strategy? When the study outcomes have no missing values (or they are missing completely at random), analyzing each outcome separately will provide unbiased estimates for the treatment effects, even if the outcomes are correlated. In this case, the separate models for each outcome will give correct treatment effect estimates but will have larger standard errors than if the correlations among outcomes were taken into account. With suffi ciently large sample sizes, investigators may not be concerned so that the tradeoff between simplicity of the analysis procedure and larger errors might favor the simple, one-outcome-at-a-time approach.
However, what happens in the more common case when data are not missing completely at random? In the WeCare data we deleted the social functioning scores of several participants. Women missing these observations have higher instrumental role functioning scores than women with observed SF scores (see Table 2 ). This suggests that women with missing SF are sicker than those with measured SF. Moreover, most women with missing SF belong to the Community Referral arm (71%), and only 8% of the missing SF arises from the Medication arm. Statistical theory tells us that a model for subjects with observed SF will produce biased estimates for the treatment effect. 5, 6 There are several options available to researchers to model multiple outcomes when measured on the same scale, referred to as commensurate outcomes. For example, for normally distributed outcomes, we can use a multivariate linear regression, or for multiple binary outcomes, we can use a generalized linear mixed model. 10, 12, 13 With outcomes that are not measured on the same scale, such as non-commensurate outcomes, there is no simple multivariate distribution to use. The diffi culty arises because there is no obvious way to express the multivariate distribution for the mixed type of outcomes.
What can be used instead? The trick is to include a common unobserved (or latent) variable for all three regression equations. This latent variable establishes the link between the regression equations -the outcomes are measured on the same individuals so the latent variable induces the needed correlations among the outcomes. We assume the latent variable completely specifi es the correlation among the outcomes (ie, given the latent variable the outcomes are assumed to be independent). This permits examination of the outcomes as independent of each other by accounting for the correlation through the latent variable.
The latent variable is assumed to have a normal distribution with mean 0 and some variance and is scaled (multiplied by a value that has to be estimated) to ac- commodate the different nature of each outcome. The only restriction regarding the correlation is that the outcomes have to be positively correlated. If some of the correlations are negative, they can easily be changed to positive by inverting the outcome scale. This is accomplished by multiplying one of the negatively correlated outcomes by minus one. In the WeCare example, the outcome instrumental role functioning is negatively correlated with depression remission and social functioning. We therefore multiply each participant's instrumental role functioning score by minus one, changing the correlation with the remaining outcomes to positive. The covariate effects for instrumental role functioning are afterwards multiplied again by minus one in order for them to be interpreted in the correct scale.
Interpretation of the Regression Parameters
The regression equations used in the latent variable approach are conditional on the latent variable. For this reason, the regression parameters in the latent variable model also have to be interpreted somewhat differently than when fi tting separate models. However, investigators are most interested on the unconditional effects, similar to the usual interpretation in regression models. For the continuous outcomes, the regression parameters can be interpreted in the same manner as those from a separate analyses approach. For the binary outcomes, this is not the case.
To compute the treatment effect that is comparable to that obtained from a separate analysis, the regression coeffi cients are divided by the square root of (one plus the variance of the latent variable). A more detailed discussion about this can be found in Teixeira-Pinto and Normand. 14 In Table 3 (see page 733), the treatment estimates for remission and instrumental role functioning and the outcomes that have no missing data, are virtually identical between the separate regression and the multivariate latent variable approaches. The Table 3 (see page 733) estimates have been transformed and are therefore directly comparable to those from the separate regression models. The coeffi cients from the probit model for the depression remission outcome can be approximated to odds ratios by taking the exponential of 1.6 times the coeffi cients. Using the coeffi cients in Table 3 (see page 733) from the latent variable model, the odds ratios of remission when assigned Medication and Cognitive Behavioral Therapy relative to Community Referral are exp (0.36×1.6) = 1.78 (95% Confi dence Interval = (1.11; 4.55)) and exp (0.01×1.6) = 1.02 (95% Confi dence Interval = (0.63; 2.56)), respectively.
The estimated treatment effects for social functioning are very different between the two analytical approaches. In separate analyses, the Medication arm has an average increase of 6.99 (SE = 4.86) points compared to the Community Referral but this effect is not statistically signifi cant (P In contrast, the multivariate regression approach using the latent variable yields a statistically signifi cant benefi t (P = 0.005) of 13.37 SE = 4.70) points in the Medication arm compared with the Community Referral arm. Why does this occur? Because the outcomes are correlated, information is "borrowed" from the other outcomes through the correlation in order to compensate for the missing outcome. This information is passed through the latent variable and consequently, the estimation of the regression parameters for social functioning should be less biased. For the other outcomes, the estimates are identical to the separate analysis because they have complete data. In fact, the correlation between depression remission and the two other outcomes is -0.39 and 0.36 for instrumental role function and social function, respectively, and the correlation between these last two is -0.40. The effect in the Cognitive Behavioral Therapy arm is not statistically signifi cant in both approaches but the effect estimate obtained with the latent variable model is almost three times larger than the estimate obtained with the separate regressions (7.67 (SE = 4.73) versus 2.74 (SE = 4.94) points).
Because we deleted the missing data, we have the complete data and are able to calculate the bias of both approaches by fi tting the model for the complete data. The treatment estimates obtained with the complete data for the social functioning are 12.07 for the Medication arm and 5.13 for the Cognitive Behavioral Therapy arm, clearly closer to the results obtained with the latent variable model.
CONCLUDING REMARKS
Historically, the use of multivariate methods for the general linear model required complete data and an assumption that the multiple outcomes of interest had jointly normal distributions (ie, multivariate normality). Although this restricted their application to continuous and normally distributed outcomes, the advantage of the multivariate approach was that it provided more parsimonious hypothesis tests and interval estimates than a series of univariate tests. With the development of generalized non-linear mixed-effects regression models that can accommodate missing data under fairly general statistical assumptions, the advantages of the multivariate approach can now be extended to reduction in bias produced by missing data. As illustrated here, these methods can be applied to outcomes measured on different scales, including a mixture of discrete and continuous outcomes.
We have presented a multivariate strategy based on latent variable, modelto-model, mixed types of outcomes. This model is an alternative to analyzing each outcome separately, which disregards the potential correlation between the outcomes and to pooling information into a composite endpoint and which loses information contained in the data. The dataset used as an example illustrates the advantage of the latent variable model in a situation when one of the outcomes is missing for some subjects and when the missing mechanism is not completely at random. In such cases, modeling the outcomes separately may produce biased estimates for regression parameters.
The latent variable approach has some disadvantages. The model is implemented only in a limited number of statistical packages such as MPlus 15 and AMOS. 16 Although most statistical software does not have this procedure available, a program can be written to provide model estimates (see Appendix, page 734, for an example of an SAS program). The latent variable model makes some assumptions that are not easily verifi able such as the number of latent variables necessary to specify the correct correlation or the assumption that the latent variable arises from a normal distribution (although there has been some recent developments regarding this last point). 17 Because of the increasing frequency of multiple outcomes reported in psychiatric studies, however, the potential benefi ts in terms of increases in precision of estimation and power of testing by adopting a multivariate approach are extremely promising.
